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Survey on Heterogeneous Information Networks Analysis and Applications
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Y(School of Computer Science, Beijing University of Posts and Telecommunications, Beijing 100876, China)
?(Beijing Key Laboratory of Intelligent Communications Software and Multimedia, Beijing 100876, China)

Abstract: The real-world systems usually contain different types of components that interact with each other. Most existing work models
these interaction systems as homogeneous information networks, which does not considerthe heterogeneous interaction relationships
among objects, resulting in lots of information loss. In recent years, more researchers model these interaction data as heterogeneous
information networks (HINs) and conduct knowledge discovery based on the comprehensive structural information and rich semantic
information in HINs. Specifically, with the advent of the era of big data, HINs naturally merge heterogeneous data sources, which make it
an important way to solve the variety of big data. Therefore, heterogeneous information network analysis has quickly become a hot spot in
data mining research and industrial applications. This article provides a comprehensive overview of heterogeneous information network
analysis and applications. In addition to the basic concepts in heterogeneous information networks, the focus of this article is on the latest
research progress in meta-path based data mining, heterogeneous information networks representation learning, and practical applications
of heterogeneous information networks. In the end, this article points out the possible directions of future development.

Key words: heterogeneous information network; meta-path; network representation learning; graph neural network
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